The propagation of Global Positioning System (GPS) signals at low-elevation angles is significantly affected by a surface duct. In this paper, we present an improved algorithm known as NSSAGA, in which simulated annealing (SA) is combined with the non-dominated sorting genetic algorithm II (NSGA-II). Matched-field processing was used to remotely sense the refractivity structure by using the data of ground-based GPS phase delay and propagation loss from multiple antenna heights. The performance was checked by simulation data with and without noise. In comparison with NSGA-II, the new hybrid algorithm retrieved the refractivity structure more efficiently under various noise conditions. We then modified the objective function and found that matched-field processing is more effective than the conventional least-squares method for inferring the refractivity parameters. Comparing the inversion results and in situ sounding data suggests that the improved method presented herein can capture refractivity characteristics in realistic environments.
Introduction
An atmospheric duct is an atmospheric layer in which strong vertical gradients of refractivity determined by temperature and humidity affect the propagation of electromagnetic waves. The electromagnetic waves are trapped within the ducting layer with weak propagation loss and enhanced propagation range, usually known as atmospheric ducting [1, 2] . Turton et al. [3] presented a classification of different radio-propagation conditions and corresponding atmospheric ducting effects. They pointed out that ducting may be associated with the following five meteorological processes: (1) sea-surface evaporation, (2) anticyclonic subsidence, (3) subsidence of cold air beneath frontal surfaces, (4) nocturnal radiative cooling over land, and (5) advection. A strong temperature inversion is often present at the top of a well-mixed marine boundary layer in these meteorological processes [4] . Obviously, there exists a correlation between ducting and boundary-layer inversion. When warm and dry air masses from land travel over cooler water, there exists sharp differences of temperature and humidity vertically, which may result in ducting formation. Propagation loss for radar radio waves within a duct will usually be much less than that in a non-ducting atmospheric environment, and hence radar can detect targets at greater distances. A radar "hole" may also appear just above the duct because of short detection ranges [5] . These characteristics have significant impacts on radar target detection and target tracking because failure to consider a ducting environment may yield false radar returns. Therefore, the study of atmospheric ducts can not only improve the performance of radar or communications systems but can also contribute to research into the atmospheric boundary layer [6] [7] [8] [9] .
It is a difficult problem to quantify the patterns of an atmospheric duct in time and space. The methods of sounding refractivity profiles-such as radiosondes, microwave refractometers, and evaporation duct sensors-have been developed [10] [11] [12] [13] [14] . However, these methods are direct sensing techniques and have lower sparse sampling rates. Krolik and Tabrikian [15] first used radar clutter data to retrieve atmospheric refractivity profiles. Afterward, the technique of refractivity from clutter (RFC) was developed substantially. A variety of intelligent algorithms have been used to estimate refractivity profiles, for example, the genetic algorithm (GA) [16, 17] , the Bayesian-Markov-chain Monte Carlo method [18] , the support vector machine [19] , and others [20] [21] [22] [23] . However, these algorithms have some defects in practical applications [24, 25] .
A promising approach for sensing refractivity profiles remotely is the use of Global Positioning System (GPS) signals [10, 26] . Hitney [27] demonstrated the capability of estimating the trapping layer's base height from ultrahigh frequency (UHF) signal strengths. Anderson [28] inferred the refractivity structure in the lower atmosphere based on the phase delay from a ground-based GPS receiver as the satellite rose or set on the horizon. Lowery et al. [29] and Lin et al. [30] estimated the refractivity structure using a ray-tracing model to fit measured GPS phase delays with least-squares and evaluated the potential and limitations of this method [31] . Subsequently, other scholars [32, 33] also inferred refractivity profiles from measured excess phase path. However, only one type of observational data is used in these methods, such as the GPS signal strength or phase delay. Therefore, Wu et al. [34] tried to combine the GPS phase delay and bending angle to retrieve refractivity profiles, but they neglected the fact that the observed phase delay and bending angles are not independent. For this reason, Liao et al. [35] used the non-dominated sorting genetic algorithm II (NSGA-II) to retrieve the atmospheric refractivity structure based on the ground-based GPS phase delay and propagation loss. Although the combination of ground-based GPS phase delay and propagation loss can infer refractivity parameters effectively, its performance is limited by the weak global search capability of NSGA-II. Therefore, in the present paper, we propose an improved algorithm based on NSGA-II in which the method of electromagnetic match-field processing is applied [36] . Furthermore, we also integrate the GPS phase delay and propagation loss from multiple antenna heights to infer the refractivity parameters.
The present paper is a sequel to Liao et al. [35] and is aimed at quantifying the performance of the joint inversion for two types of observation using improved NSGA-II. Here, the objective function is match-field processing. The remainder of this paper is organized as follows. Section 2 introduces the forward model, including models of GPS phase delay and radio signal propagation. Section 3 proposes a new algorithm-the non-dominated sorting and simulated annealing genetic algorithm (NSSAGA)-which is an improved version of NSGA-II that includes simulated annealing (SA), and it describes the algorithm implementation step by step. Section 3 also introduces a simplified mathematical model of a surface duct and a related objective function. Section 4 presents the NSSAGA algorithm used for refractivity-profile estimation. Finally, conclusions from this work are summarized in Section 5.
Forward Model

Phase-Delay Model
In this section, some basic concepts regarding the ground-based GPS phase-delay model are introduced briefly. Because of variations in atmospheric temperature T, pressure P, and water vapor pressure e, the atmospheric refractivity N is approximated by a formula due to Smith and Weintraub [37] :
where the unit of T is K and the unit of P and e is hPa. The modified refractivity M, which considers the Earth's curvature, is related to the radio refractivity N as follows [38] :
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Differentiating with respect to r, we get
where r is the altitude in meters and M is the modified refractivity. The unit of dM/dr is M-units/km. Equations (2) and (3) are applied for all radio frequencies with little error. Referring to Almond and Clarke [39] , dN/dr-which is the gradient of refractivity N with respect to altitude r-is used to classify the profiles and its unit is N-units/km. Normally, the atmospheric refractivity has a negative gradient when the electromagnetic waves bend toward the Earth. However, if the refractivity gradient is less than −160 N-units/km, an atmospheric duct occurs. The atmospheric structure, especially a surface duct, may delay the GPS signal at low elevation. Hence, this study used the GPS phase delay to retrieve the surface duct. Figure 1 shows the geometry of the ray path in a ground-based GPS occultation, where R and T are the GPS receiver and transmitter, respectively, and r 1 and r 2 are the distances from the geocenter O to the receiver and transmitter, respectively. (3) where r is the altitude in meters and M is the modified refractivity. The unit of dr dM / is M-units/km. Equations (2) and (3) are applied for all radio frequencies with little error. Referring to Almond and Clarke [39] , dr dN / -which is the gradient of refractivity N with respect to altitude r -is used to classify the profiles and its unit is N-units/km. Normally, the atmospheric refractivity has a negative gradient when the electromagnetic waves bend toward the Earth. However, if the refractivity gradient is less than −160 N-units/km, an atmospheric duct occurs. The atmospheric structure, especially a surface duct, may delay the GPS signal at low elevation. Hence, this study used the GPS phase delay to retrieve the surface duct. Figure 1 shows the geometry of the ray path in a ground-based GPS occultation, where R and T are the GPS receiver and transmitter, respectively, and 1 r and 2 r are the distances from the geocenter O to the receiver and transmitter, respectively. Assuming that the atmosphere is a spherically symmetric and layered refractive medium, the GPS signal path is approximated as a function of r only. The phase path is determined according (6) where the angle  is the spherical angle between 1 r and 2 r . Hence, the excess phase path is defined as: Assuming that the atmosphere is a spherically symmetric and layered refractive medium, the GPS signal path is approximated as a function of r only. The phase path is determined according to Sheng et al. [32] :
where dl = √ dr 2 + r 2 dθ 2 is a differential length along the ray path and n is the refractive index with N = (n − 1) × 10 6 . Using Bouger's law-namely, a = nr sin φ, where a is a constant impact parameter associated with the ray path-and substituting dl = dr/ cos φ, Equation (4) can be represented as:
where x = rn(r) denotes the refractive radius. The ray path in a vacuum can be determined as:
where the angle θ is the spherical angle between r 1 and r 2 . Hence, the excess phase path is defined as:
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Propagation-Loss Model
To use the propagation loss of ground-based GPS, a forward-propagation model is established. The electromagnetic wave propagation equation (PE), derived from the wave equation by the parabolic approximation, is widely used to model refractive effects on GPS signal propagation [40] . Teti [41] explains the PE theory in detail. Considering the spherical shape of the Earth, the two-dimensional (2D) narrow-angle forward PE can be written as:
where x and z represent the horizontal axis (range) and the vertical axis (height), respectively, k is the wavenumber in free space, M(x, z) is the modified refractivity, and u(x, z) is the electromagnetic field component at range x and height z. Equation (8) can be used for both horizontal and vertical polarization. If the initial field is provided, the split-step Fourier transform (SSFT) is used to calculate low-elevation GPS signal propagation in a tropospheric duct. This can be substituted by a sine or cosine transform because the bottom boundary approximates to a perfectly conducting surface. The SSFT solution of propagated wave equation is expressed as [26] :
where F and F −1 are the Fourier transform and inverse Fourier transform, respectively. Here, ∆x is the range step, p = 2k sin θ represents the transform variable for which θ is the angle from the horizontal, and u(x, z) is the initial field. Balvedi and Walter [42] give a more detailed process for solving the parabolic equation.
To model the GPS signal propagation, the single-way propagation loss L(x, z) of ground-based GPS signals is used to describe the objective function [18] :
where f represents the propagation factor and C is a constant parameter. In a rectangular coordinate system, the propagation can be calculated as:
Improved Inversion Algorithm
Proposed NSSAGA Algorithm
Combining the GPS phase delay and propagation loss is a multiobjective optimization process. Hence, we used NSGA-II-a multiobjective optimization algorithm-to search for the best fit [35, 43] . Considering that NSGA-II is an improvement of NSGA, one of the first evolutionary algorithms (EAs) for finding multiple Pareto-optimal solutions, the former retains premature convergence, which is a common problem with conventional GAs. In other words, the solving procedure becomes trapped at a local optimum and the inversion parameters converge to a suboptimal solution [44] .
The SA algorithm was first proposed by Metropolis et al. [45] . It is based on the physical principle of heating a material and then slowly lowering the temperature to decrease defects, further minimizing the system energy [46] . SA is a probabilistic technique for approximating the global optimum of a given function. Combining SA and NSGA-II could overcome premature convergence effectively and find the global optimum instead of a local one [47] . Therefore, we combined them into a hybrid algorithm, namely, NSSAGA, that we used for surface-duct retrieval.
Implementation Steps
Based on the above ideas, the procedure of the proposed hybrid algorithm is shown in Figure 2 . The detailed design steps for parameter estimation by the NSSAGA algorithm are realized as follows.
Step 1: Initialize the parameter values of the hybrid algorithm. The population size is 200 and the maximum number of generations is set to 10. In NSSAGA, the population size is the number of candidate solutions and the number of generations is the number of program iterations. The numbers of objective functions and variable parameters in the program are set to 2 and 4, respectively. A variable parameter is a physical variable to be inverted. For the real-coded NSSAGA, a multi-parent extension of the simulated binary crossover (SBX) operator is used, and the distribution indexes for the crossover and mutation operators are set to η c = 20 and η m = 20, respectively. The crossover and mutation operators β i are defined by
Here, u i determines the probability of crossing or mutating and is chosen randomly from the interval [0,1], where i is the generation number. We set the initial temperature as T o = 100 and the end temperature as T end = 0. The cooling factor ρ is 0.8, determining the rate of change of temperature required in SA.
Step 2: Initially, a parent population
] is generated randomly within the boundaries of the solution while calculating the corresponding function value. The SA time i is zero.
Step 3: Begin the main loop. If the SA condition T i > T end is met, we set the generation variable as t = 0. Otherwise, the program ends.
Step 4: The usual binary tournament selection, cross operators, and mutation operators are used to create an offspring
] with the corresponding function value. Here, the usual binary tournament selection involves running several "tournaments" among a few individuals chosen at random from the population.
Step 5: The Metropolis criterion is the core of the SA algorithm, which derives from the importance-sampling method proposed by Metropolis et al. [45] . Designing the system energy E as the function value J, let ∆ = J new − J old and move the system to the new state if the random variable p, distributed uniformly over (0,1), satisfies
where T i is the current temperature.
Step 6: A combined population R t = P t ∪ Q t is formed, where R t = 400. In a typical multiobjective optimization problem, there exists a set of solutions that are superior to the other solutions in the search space when all objectives are considered but are inferior to other solutions in the space in one or more objectives. These solutions are called as non-dominated solutions [46] . The population R t is sorted based on the non-domination levels, and 200 individuals in the population R t are chosen to be the new parent population P t+1 . We update the generation variable t = t + 1 and archive the best individual in the new population to the vector P t,best . If the iteration condition meets t < Maxgen, repeat Steps 4-6. Otherwise, we achieve the best individual from P t,best to S i,best and repeat Steps 3-6, updating the number i = i + 1.
Step 7: Once we have completed Steps 3-6 and the SA condition T i < T end is met, the process stops, and the system is considered to have frozen to the lowest temperature as defined by the annealing schedule. Output the best of S i,best .
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Modeling Refractivity Profile and Objective Function
A surface duct always forms when a relatively warm, dry air mass travels over a cooler, moister air mass [26] , and it may cause substantial errors in propagation calculations for low-elevation GPS signals [47] . The modified refractivity profile is commonly employed for a surface duct. The following is a four-parameter trilinear model [48] that parameterizes the atmospheric refractivity structure ( Figure 3 ): 
A surface duct always forms when a relatively warm, dry air mass travels over a cooler, moister air mass [26] , and it may cause substantial errors in propagation calculations for low-elevation GPS signals [47] . The modified refractivity profile is commonly employed for a surface duct. The following is a four-parameter trilinear model [48] that parameterizes the atmospheric refractivity structure ( Figure 3 ):
where h 1 is the trapping-layer based height, c 1 is the base slope, h 2 is the inversion-layer thickness, and c 2 is the slope from h 1 to h 1 + h 2 . The slope of the top layer is 0.118 M-units/m, considering the layer as the standard refractivity condition. observed and received GPS propagation losses, respectively, at the same antenna height. Here, the objective function is the least-squares function. However, the ordinary least-squares (OLS) function cannot be minimized directly when the parameters acquire small errors in some cases.
The Bartlett objective function, which is broadly used in the field of marine acoustic tomography, achieves good results in estimating refractivity conditions [10] . Hence, we adopted the Bartlett power function as the new cost function. Referring to Gerstoft et al. [10] , the objective function is defined as: N is the range, and element N is the number of GPS receivers at the same antenna height. Here, the receiver heights are 20 m, 50 m, 100 m, 150 m, and 400 m. There is only one receiving antenna at a given height level. Section 3.2 noted that the population is sorted by the solutions sets 1 J and 2 J according to non-domination. For different antenna heights, the same values of the refractivity parameters may produce a different set of solutions. Thus, when inferring refractivity parameters based on data sets collected from antenna of differing height, we must sort the individuals according to whether the To reconstruct the refractivity profile, a multiobjective cost function [35] (Liao et al., 2016) is usually defined as:
where
T is a vector, ∆S(x) obs and ∆S(x) mod are the observed and simulated GPS phase delays, respectively, at the same antenna height, and P c (x) obs and P c (x) mod are the observed and received GPS propagation losses, respectively, at the same antenna height. Here, the objective function is the least-squares function. However, the ordinary least-squares (OLS) function cannot be minimized directly when the parameters acquire small errors in some cases. The Bartlett objective function, which is broadly used in the field of marine acoustic tomography, achieves good results in estimating refractivity conditions [10] . Hence, we adopted the Bartlett power function as the new cost function. Referring to Gerstoft et al. [10] , the objective function is defined as:
where P i,j,k and Q i,j,k are the observed and calculated data, respectively, in dB form; they are the elements of the propagation loss matrices. Term N dep is the height, N x is the range, and N element is the number of GPS receivers at the same antenna height. Here, the receiver heights are 20 m, 50 m, 100 m, 150 m, and 400 m. There is only one receiving antenna at a given height level. Section 3.2 noted that the population is sorted by the solutions sets J 1 and J 2 according to non-domination. For different antenna heights, the same values of the refractivity parameters may produce a different set of solutions. Thus, when inferring refractivity parameters based on data sets collected from antenna of differing height, we must sort the individuals according to whether the height dependence of the data (phase delay and propagation loss) is considered. Considering the change in receiver height means that each datum from an antenna of a given height calculates its own objective function, whereupon individuals associated with the same height are sorted according to their objective values (Figure 4a ). Otherwise, we take the average objective value of the different antenna heights and take it as the objective function of data sets with different antenna heights, sorting individuals associated with the same height according to Figure 4b . Finally, the inversion method must average the optimal parameters S i,best from the different heights as the final result.
Herein, we define the Bartlett function as Bartlett1 if we consider the receiver height or as Bartlett2 if we do not. In contrast to the Bartlett function, the OLS function, which considers the change in receiver height, is taken into account in Section 4 as part of the NSSAGA-OLS algorithm.
height Herein, we define the Bartlett function as Bartlett1 if we consider the receiver height or as Bartlett2 if we do not. In contrast to the Bartlett function, the OLS function, which considers the change in receiver height, is taken into account in Section 4 as part of the NSSAGA-OLS algorithm. Neglect the effect of antenna height.
Results
The simulations assumed a GPS elevation angle of 1°, a transmitting frequency of 1500 MHz, and a beam width of 16°. To verify the feasibility and anti-noise ability, the simulated conditions contain 0%, 3%, 5%, 7%, or 10% Gaussian white noise; the 0% level is the ideal condition. Here, the Gaussian white noise was added into the propagation loss only and the phase delay is kept accurate. However, the elevation angle seriously affects the error of phase delay. This uncertainty is estimated to be about 8-10 mm from the zenith, increasing to about 8-10 cm at an elevation angle of 5° [49] . Therefore, noise of delay information is also necessary to consider and becomes the follow-up research.
Comparison between NSSAGA and NSGA-II
In this section, we compare the performance of NSSAGA with that of NSGA-II, using the same objective function and the same receiver height. Here, the objective function is Equation (15) . Table 1 lists the limits of inverting parameters and the true values. The inversion results for different antenna heights are also given in Table 1 . From Table 1 , the synthetic parameters retrieved by NSSAGA are better than those retrieved by the compared algorithm NSGA-II for the same antenna height under the ideal condition. Moreover, it is difficult to compare the inversion results for different antenna heights using the same algorithm. 
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The simulations assumed a GPS elevation angle of 1 • , a transmitting frequency of 1500 MHz, and a beam width of 16 • . To verify the feasibility and anti-noise ability, the simulated conditions contain 0%, 3%, 5%, 7%, or 10% Gaussian white noise; the 0% level is the ideal condition. Here, the Gaussian white noise was added into the propagation loss only and the phase delay is kept accurate. However, the elevation angle seriously affects the error of phase delay. This uncertainty is estimated to be about 8-10 mm from the zenith, increasing to about 8-10 cm at an elevation angle of 5 • [49]. Therefore, noise of delay information is also necessary to consider and becomes the follow-up research.
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In this section, we compare the performance of NSSAGA with that of NSGA-II, using the same objective function and the same receiver height. Here, the objective function is Equation (15) . Table 1 lists the limits of inverting parameters and the true values. The inversion results for different antenna heights are also given in Table 1 . From Table 1 , the synthetic parameters retrieved by NSSAGA are better than those retrieved by the compared algorithm NSGA-II for the same antenna height under the ideal condition. Moreover, it is difficult to compare the inversion results for different antenna heights using the same algorithm. Figure 5 illustrates the retrieved refractivity profile and the corresponding absolute error. The numbers in the legends represent the antenna height. Because the discrepancy between the retrieved and simulated profiles is large for the antenna height of 50 m, Figure 5 gives the retrieved profile excluding its results. Obviously, the retrieved profile based on NSSAGA for the same antenna height is closer to the real profile than those based on NSGA-II. The absolute error also shows that NSSAGA performs better than NSGA-II. The error of NSSAGA_20 versus height is less than 1 N-unit, while the error of NSSAGA_150 is less than that of the other algorithms except NSSAGA_20. Thus, the best retrieval results are achieved when the receiver is located inside the duct. In general, the new algorithm NSSAGA outperforms NSGA-II in multiobjective inversion. In other words, adding the SA algorithm has improved NSGA-II. Figure 5 illustrates the retrieved refractivity profile and the corresponding absolute error. The numbers in the legends represent the antenna height. Because the discrepancy between the retrieved and simulated profiles is large for the antenna height of 50 m, Figure 5 gives the retrieved profile excluding its results. Obviously, the retrieved profile based on NSSAGA for the same antenna height is closer to the real profile than those based on NSGA-II. The absolute error also shows that NSSAGA performs better than NSGA-II. The error of NSSAGA_20 versus height is less than 1 N-unit, while the error of NSSAGA_150 is less than that of the other algorithms except NSSAGA_20. Thus, the best retrieval results are achieved when the receiver is located inside the duct. In general, the new algorithm NSSAGA outperforms NSGA-II in multiobjective inversion. In other words, adding the SA algorithm has improved NSGA-II. 
NSSAGA with Different Levels of Gaussian Noise
Most practical applications of GPS observations involve measurement errors. In this section, we present retrieval simulations that involve measurement errors that we assume obey Gaussian statistics. The detailed retrieval results are presented in Figure 6 and Table 2 , where the black line in Figure 6 is the true refractivity profile. The inverted refractivity profiles marked by the red solid line, the blue dash line, and the dash-dot or dotted lines of various colors correspond to 0%, 3%, 5%, 7%, and 10% Gaussian noise, respectively. To make the comparison more intuitive, we used bold font for the best inferred refractivity parameters. It is obvious that NSSAGA gives the best inversion results when the antenna height is 20 m. The hybrid algorithm performs worst when the antenna height is 50 m. These results are also shown in Figure 6 . Figure 6 shows that noise degrades the retrieval, especially for the antenna height of 50 m, which is why those data were excluded from the comparison in Section 4.1. For the 20 m antenna height, the simulation without noise gives the best results. The retrieval errors are similar for the 3%, 5%, and 7% noise conditions, with the discrepancies not exceeding 15 N-units. Besides the antenna height of 20 m, the error for 150 m is also within 20 N-units when adding no more than 7% Gaussian noise. The retrievals for the 100 m and 400 m antenna heights are much better than that for 50 m but poorer that those for 20 m and 150 m. Thus, the hybrid algorithm has strong noise immunity according to its performance with different levels of Gaussian noise. 
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Analysis of Retrieved Propagation Loss
Figure 7a,c depict the propagation loss of the GPS signal over horizontal distances of 0-200 km at a height of 100 m for different antenna heights, showing that the propagation loss decreases with range in each case. Obviously, the overall trend of the propagation loss remains the same for different antenna heights. The amplitude of the propagation loss does not change, but changes in interference pattern alter its position. Those positional changes demonstrate that propagation losses for different antenna heights could be combined to retrieve the refractivity profile more effectively. Based on this feature, we integrated the measurements from different receivers and constructed the Bartlett function to retrieve the atmospheric refractivity structure. Figure 7b,d show how the propagation loss of the GPS signal changes with height at a distance of 100 km. The amplitude of the 
Figure 7a,c depict the propagation loss of the GPS signal over horizontal distances of 0-200 km at a height of 100 m for different antenna heights, showing that the propagation loss decreases with range in each case. Obviously, the overall trend of the propagation loss remains the same for different antenna heights. The amplitude of the propagation loss does not change, but changes in interference pattern alter its position. Those positional changes demonstrate that propagation losses for different antenna heights could be combined to retrieve the refractivity profile more effectively. Based on this feature, we integrated the measurements from different receivers and constructed the Bartlett function to retrieve the atmospheric refractivity structure. Figure 7b,d show how the propagation loss of the GPS signal changes with height at a distance of 100 km. The amplitude of the propagation loss in the duct layer remains around 100 dB, indicating vividly the trapping effect of the surface duct. As Figure 7 shows, the retrieved and simulated propagation losses differ little. Figure 8 shows the absolute error between the inversion results and the simulated true value. It is found that NSSAGA keeps the absolute error within modest bounds. Because of the model's defects, a larger error arises beyond 100 km, but the inverted profile can still depict the refractivity environment roughly. Overall, based on the retrieved propagation loss, NSSAGA is highly capable of retrieving the refractivity structure at distances up to 100 km. propagation loss in the duct layer remains around 100 dB, indicating vividly the trapping effect of the surface duct. As Figure 7 shows, the retrieved and simulated propagation losses differ little. Figure 8 shows the absolute error between the inversion results and the simulated true value. It is found that NSSAGA keeps the absolute error within modest bounds. Because of the model's defects, a larger error arises beyond 100 km, but the inverted profile can still depict the refractivity environment roughly. Overall, based on the retrieved propagation loss, NSSAGA is highly capable of retrieving the refractivity structure at distances up to 100 km. propagation loss in the duct layer remains around 100 dB, indicating vividly the trapping effect of the surface duct. As Figure 7 shows, the retrieved and simulated propagation losses differ little. Figure 8 shows the absolute error between the inversion results and the simulated true value. It is found that NSSAGA keeps the absolute error within modest bounds. Because of the model's defects, a larger error arises beyond 100 km, but the inverted profile can still depict the refractivity environment roughly. Overall, based on the retrieved propagation loss, NSSAGA is highly capable of retrieving the refractivity structure at distances up to 100 km. 
NSSAGA with Different Objective Functions
Next, we integrated all the data from antenna of different heights and used them to retrieve the refractivity structure. Figure 9 shows the distinctions among the different objective functions, and the objective functions of Equations (14) and (15) are compared in Table 3 . From Table 3 , it is easily seen that OLS offers the best performance in retrieving refractivity parameters. However, this good parametric inversion does not mean that the inversion profiles are closer to the true profiles. Figure 9 illustrates the results obtained with the Bartlett objective function and the least-squares function. Bartlett1 (the red solid line) takes the antenna height information into account, whereas Bartlett2 (the blue dashed line) does not. OLS provides inversion results from all data based on the least-squares method considering the antenna height information. In comparison with Antenna 20 and Antenna 150 , Bartlett1 provides fairly good estimates and is even better than Bartlett2. Here, Antenna 20 and Antenna 150 imply the reconstructed results from the received information at 20 m and 150 m. Because the lots of detection information could improve the accuracy of inversion, OLS is expected to perform better than Antenna 20 and Antenna 150 . The discrepancy in absolute error between Bartlett1 and OLS is less than 1 N-unit, meaning that Bartlett1 is an acceptable alternative for refractivity inversion. 
Next, we integrated all the data from antenna of different heights and used them to retrieve the refractivity structure. Figure 9 shows the distinctions among the different objective functions, and the objective functions of Equations (14) and (15) are compared in Table 3 . From Table 3 , it is easily seen that OLS offers the best performance in retrieving refractivity parameters. However, this good parametric inversion does not mean that the inversion profiles are closer to the true profiles. Figure 9 illustrates the results obtained with the Bartlett objective function and the least-squares function. Bartlett1 (the red solid line) takes the antenna height information into account, whereas Bartlett2 (the blue dashed line) does not. OLS provides inversion results from all data based on the least-squares method considering the antenna height information. In comparison with Antenna20 and Antenna150, Bartlett1 provides fairly good estimates and is even better than Bartlett2. Here, Antenna20 and Antenna150 imply the reconstructed results from the received information at 20 m and 150 m. Because the lots of detection information could improve the accuracy of inversion, OLS is expected to perform better than Antenna20 and Antenna150. The discrepancy in absolute error between Bartlett1 and OLS is less than 1 N-unit, meaning that Bartlett1 is an acceptable alternative for refractivity inversion. To assess the performance of NSSAGA with three objective functions under different Gaussian noise conditions, the optimal refractivity retrievals are provided in Figure 10 and Table 4 . Using the Bartlett objective function improves the inversion ability of NSSAGA under Gaussian noise conditions, and Bartlett1 is more accurate than Bartlett2 below 100 m. The limited simulations presented herein suggest that Bartlett1 provides better inversion results and has stronger noise immunity for refractivity estimation. To assess the performance of NSSAGA with three objective functions under different Gaussian noise conditions, the optimal refractivity retrievals are provided in Figure 10 and 
Experimental Data Testing
To demonstrate that the NSSAGA can provide sufficient retrieval accuracy under realistic conditions, the excess phase and propagation loss measured by ground-based GPS receiver were used. The excess phase was estimated using a modified version of the Bernese v5.0 software, and the propagation loss was calculated according to the receiving power density of the antenna [35] . Zero-differenced observations were processed in precise point positioning module and the tropospheric zenith delay (phase delay) module produces cleaned post-fit residuals and forms baselines. Finally, slant tropospheric delay was determined through parameter estimation [50] . The corresponding sounding data were obtained from meteorological-rocket detection data (~4 m sampling at altitudes less than 1.5 km) and low-resolution radiosondes (~50 m sampling at altitudes less than 6 km). These experimental data were collected from observations made in the vicinity of Poyang Lake, China (115.27 • E, 29.11 • N). Table 5 gives the inversion parameters obtained using different inversion methods, and Figure 11 shows the differences between the estimated results and the sounding data. Here, only two groups of ground-based GPS data were retrieved (Figure 11a In Figure 11 , the estimated profiles along with the measured profiles are on the left side of the figure. Although the real data contain some observation errors, the estimated profiles are consistent with the measured profiles in general. In these observed cases, Bartlett1 and Bartlett2 provide better fits. However, the absolute error demonstrates that the refractivity profiles estimated using Bartlett1 are much closer to the real refractivity environment than is the case for Bartlett2 or OLS. Also, from the root-mean-square errors of the different inversion methods in the two cases, we conclude that Bartlett1 can be applied to realistic conditions with sufficient retrieval accuracy. 
Conclusions
A surface duct can substantially affect the performance of radar or communication systems designed according to standard atmospheric conditions. Hence, estimating refractivity profiles plays an important role in predicting the performance of electromagnetic systems [26] . In this paper, based on previous work [35] , we put forward an improved retrieval method, using the hybrid NSSAGA algorithm with match-field processing to retrieve tropospheric refractivity profiles. The present study made use of ground-based GPS phase delay and propagation loss from antenna of multiple heights to estimate the surface duct. In the simulations, conventional NSGA-II was chosen to test the performance of NSSAGA under different levels of noise. The presented results demonstrated that NSSAGA is more accurate and that the inverting profiles for the hybrid algorithm are much closer to the simulated profile than those for NSGA-II when using the same objective function. Under Gaussian noise of different levels, the estimated results demonstrated that NSSAGA has strong noise immunity and can be applied to practical situations.
Furthermore, in comparing two objective functions, the match-field processing method gave results that were better than those of the least-squares method in simulations. The refractivity-profile estimates by Bartlett1 under Gaussian noise of different levels were very good, whereas those by other inversion methods were less accurate. The simulations demonstrated that Bartlett1 is an acceptable alternative for refractivity inversion. Actual measurements were also used to test the improved inversion method, and the retrieved results showed that the new method can 
Furthermore, in comparing two objective functions, the match-field processing method gave results that were better than those of the least-squares method in simulations. The refractivity-profile estimates by Bartlett1 under Gaussian noise of different levels were very good, whereas those by other inversion methods were less accurate. The simulations demonstrated that Bartlett1 is an acceptable alternative for refractivity inversion. Actual measurements were also used to test the improved inversion method, and the retrieved results showed that the new method can depict the real refractivity environment. However, the effect of elevation angle on the improved inversion method was not considered herein and will be the subject of future investigations.
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